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Application of artificial intelligence methods to determine
the optimal process parameters
in resistance projection welding of steel nuts

Abstract

The study employed applied computer modelling to identify the optimal process parameters for resistance
projection welding using the original procedure. The influence of technological parameters (welding
power, welding time, electrode pressure) on the quality of 184 welded joints produced by resistance
projection welding of steel nuts and S235JR steel plates was examined using computer modelling methods,
specifically a combination of machine learning and an evolutionary algorithm. A tree-based model was
used to identify relationships between signals, and a genetic algorithm for multi-criteria optimisation. The
prepared joints were then examined to determine the impact of the welding parameters on the
microstructure, Vickers hardness, and strength of the welded joints (as assessed by pull-off testing). The
superior strength of the projection welding joints was achieved through short welding times and high
power. Additionally, limited welding time effectively restricted the heat-affected zone, reducing weld
hardness and improving the joint's plasticity. The original modelling process enables energy consumption
(welding current) to be minimised while maximising joint strength, which was the main aim of the work.
Finally, the set of optimised welding parameters selected by Al was verified through sample welding and
strength testing, and this was confirmed through final strength testing experiments.

1. INTRODUCTION

Nowadays, computer modelling is applied in many industries, including various welding applications (Kik
et al., 2020), welding related processes such as thermal spraying (Latka et al., 2020), additive manufacturing
of metallic structures (Korzeniowski et al., 2023), adhesive bonding (Kubit et al., 2023), fatigue life
optimisation of the riveted joints (Masoudi Nejad et al., 2024), erosion resistance optimisation (Singh et al.,
2024) or applications related to weldment testing (Sawa et al., 2021). The various resistance and pressure
welding processes have been systematically studied in scientific literature. For example, Dziurka et al. (2025)
studied resistance spot welding electrode wear, Han et al. (2021) optimised the shape of a square nut for better
projection welding performance using FEM, and Hu et al. (2022) predicted resistance spot welding (RSW)
quality using artificial intelligence modelling.

The combination of modelling and optimisation methods also yields promising results. Recent literature
presents both generative approaches for optimisation of production metrics and classical evolutionary searches
for combinatorial problems (Nasso Toumba et al., 2025; Sikora & Gryglewicz—Kacerka, 2023). This
combination significantly facilitates the search for a set of technological parameters for the modelled process
that allows the production of a product with specific properties. For example, in (Winiczenko et al., 2013) two
evolutionary optimisation methods were combined with an SVM model to determine the parameters of friction
welding to obtain a sample with the highest tensile strength. This was an example of single-criteria
optimisation. Another example is the work Szala et al. (2020), where a neural model of the thermal spray
process was used in combination with a genetic algorithm. The authors applied a multi-criteria optimisation
process, taking into account various properties of the obtained sample, including hardness, porosity and
cavitation wear resistance. Another example of the use of multi-criteria optimisation, this time in the form of
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a non-dominated sorting genetic algorithm III, was proposed by Johnson et al. (2023). The process was
resistance spot welding (RSW), and product quality was evaluated using four criteria: nugget diameter, tensile
shear strength, peel strength, and mean dynamic contact resistance. Unlike the previously cited work, no
machine learning model was used; instead, an interpolation method called kriging was applied. In industrial
practice, ML directly reduces operating times — e.g., modelling the optimal measurement time for a probe on
a machine tool (Jozwik et al., 2024).

Another interesting machine learning technique is model explanation. Various methods are available to
evaluate the impact of an input variable on the model's output signal, both globally and locally. The paper by
Russell et al. (2024) presents a comprehensive resistance spot welding (RSW) process model with 19 input
signals, and then uses the Shapley additive explanation (SHAP) method to identify those with the greatest
impact on weld quality metrics.

Resistance welding technologies have become increasingly prevalent in the automotive industry
(Chuenmee et al., 2025; Stavropoulos & Sabatakakis, 2024). Modern car bodies contain over 300 components
assembled by resistance welding, including nuts and bolts, highlighting the importance of this technology in
modern production lines (Larsson, 2008). Projection welding, one of the methods frequently used for joining
car bodies, has been systematically studied and modelled to produce high-quality nut-sheet welded joints (Koal
et al., 2025; Mikno, 2018; Mikno et al., 2019).

Although resistance welding is well established, it is a process with a narrow range of optimal parameters
that is highly dependent on technological variables and material properties (Mikno, 2018; Szala & tukasik,
2018). Consequently, there is a growing interest in using artificial intelligence to optimise welding processes,
particularly for predicting the parameters required to produce high-quality, reliable joints (Hu et al., 2022).
Using artificial intelligence to predict welding parameters can spare R&D departments the need to conduct
numerous physical weld-joint tests. However, due to the complexity of the process, many Al algorithms may
struggle to accurately predict parameters such as the mechanical strength of the weld. For this reason, the
current study uses neural networks, which can model complex and intricate data. The deep learning layers used
in Al enable the discovery of data structures and hidden patterns linking variables, which is useful when
relationships are not immediately apparent. However, neural networks are not a flawless solution: they perform
poorly with small datasets and are prone to overfitting. Therefore, careful selection of the network architecture
and preparation of the training dataset are essential when applying this method (Antosz et al., 2024).

Previously, the experimental or finite element method (FEM) was used to predict welding parameters, but
it was slow, imprecise and time-consuming (Han et al., 2021; Nielsen et al., 2014). These methods relied on
repeatedly generating samples to find optimal parameters, with the range determined by the experimenter's
experience. Applying an artificial intelligence algorithm that can accurately predict output parameters from
input parameters will accelerate the optimisation process and enhance joint quality. It will also assist in
monitoring parameters when changes are needed (Drégelyi-Kiss, 2023). Preparing samples for strength testing
is expensive and time-consuming. Preparing samples for strength testing is expensive and time-consuming,
but artificial intelligence can accurately predict the results. However, it is difficult to find studies in which
optimisation results were applied to welding and verified through experimentation. Therefore, this study aims
to address this issue.

This study aimed to use methods from applied computer science to develop an algorithm that could optimise
a set of parameters (welding power P, welding time t and electrode pressure p) for resistance projection welding
of steel nuts and S235JR steel plates. The algorithm was trained and validated using experimental data to
minimise energy consumption (welding current) while maximising joint strength. A combination of machine
learning methods and evolutionary algorithms was employed to determine the optimal process parameters for
projection welding. Finally, the set of optimised welding parameters selected by Al was verified through
sample welding and strength testing. This study employed computer modelling to determine optimal resistance
projection welding parameters and enhance their optimisation using the original procedure — the novel aspect
of this research.

2. MATERIALS AND METHODS

The research steps were carried out in accordance with the diagram shown in Figure 1. A series of tests
were conducted during the experiment to determine the influence of process parameters on joint quality. This
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information was then used to develop a model that could predict weld output parameters based on input
parameters.

Welding Least-Squares Optimised Projection
Current [ 1] > Boosting Welding Variables
Projection Welding i i
i I Maximum
Variables| Welding Time [t] ]
Electrode Pressure [p ] Empirical Ver;ficatian of
Estimated Data
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Fig. 1. Stages of the research conducted in this study
2.1. Tested materials and their preparation for welding

The experiment involved two main components: steel nuts and a steel sheet. These components were joined
using resistance welding and tested. The materials were prepared to ensure the joint had the desired mechanical
properties and to improve weld consistency. The joint samples were made from a 1 mm-thick S235JR grade
steel sheet. For the experiment, rectangular pieces measuring 50 x 30 x 1 mm were cut from the sheet.
Depending on whether the sheet was intended for welding an M4 or M5 nut, each sample had a 5 mm or 6 mm
hole drilled in it. To remove imperfections from the drilling process, the sheets were sanded with abrasive
paper. Just before welding, each sample was cleaned with extraction gasoline. M4 and M5 nuts, produced in
accordance with the DIN 928 standard (see Figure 2), were employed in the welding process. The nuts were
made of carbon steel.

Projections

Fig. 2. (a) Commercial nuts manufactured in accordance with DIN 928; (b and c) visualisation of M5 nuts used in the study
2.2. Projection welding process

Projection welding is a type of resistance welding in which current is concentrated at contact points created
by small geometric projections on one or both parts. These projections concentrate heat and collapse to form
weld nuggets (Wang & Zhang, 2017). Figure 3 illustrates the detailed process of projection welding.

Welding was performed using a PFB 126X PX1700 PRO resistance welding machine equipped with flat
electrodes designed specifically for nut welding (Figure 4). The three main technological parameters that
varied between each weld were welding time (t) (range: 20—1000 ms), electrode pressure (p) (range: 3.5-7.0
bar) and welding power (P) (expressed as a percentage of the machine’s maximum power of 25 kW). A total
of 184 welds were performed. After each weld, the welding current I generated by the machine was noted and
used in the optimisation procedure described in Section 2.5.
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Fig. 3. The concept of projection welding: (a) the nut and sheet metal are positioned on the lower electrode
and in preparation for welding; (b) the welding process involves the upper electrode pressing against the nut,

allowing current to flow for a specified time; weld nuggets form at the nut projections;
(c) the upper electrode is lifted away from the nut, completing the joint

= .

Fig. 3. (a) Welding machine; (b) welding process; (¢ and d) exemplary nut-sheet metal welded joints
2.3. The weld strength (pull-off testing)

To evaluate the quality of the weld under the selected welding process parameters, tests were performed to
determine the strength of the welded joint. These tests were conducted using a Shimadzu AG-X Plus universal
testing machine, according to the setup depicted in Figures 5 and 6. The punch pressed against the screw,
transferring the load through the thread to the nut and generating a force that attempted to detach the nut from
the welded sheet. To minimise the bending effect of the sheet providing support, a spacer sleeve was employed.

*

Direction of applied ~—Press tool
press tool force ot
/ Weld nuggets
Sheet metal

Fig. 4. Presentation of welded joint pull-off testing. Figure 4c and d show the exemplary test joints,
while Figure 6 shows the equipment used for testing
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The experiment involved the destructive testing of 83 welds. During the test, the force at which the nut
detached from the sheet of metal was recorded. In most cases, the nut did not separate from the sheet and
instead significant deformation of the sheet metal was observed. In these instances, the maximum force applied
before the sheet exceeded its yield strength was recorded.

) SHIMADZU

Fig. 5. (a) Pull-off test equipment; (b, ¢) exemplary testing of a nut-sheet joint according to the scheme given in Fig. 5

2.4. Macrostructural and hardness analysis

In order to determine the exact effect of the process parameters on the properties of the weld, a visual
inspection, a metallographic analysis and a hardness test were conducted. The metallographic samples were
prepared by cutting, grinding, polishing and etching the joint cross-sections, as illustrated in Figure 7. These
samples were then subjected to macro- and microscopic metallographic analysis to evaluate weld quality
(i.e. joint formation, dimensions and nut deformation rate), assess the heat-affected zone, and identify changes
in the microstructure in specific weld nugget zones. The metallographic analysis was then performed using a
scanning electron microscope (SEM) (Phenom Pro-X). Vickers hardness was investigated in the nut, the heat-
affected zone (HAZ), the weld, and the sheet metal. Measurements were performed using the HV0.3 scale. To
improve the accuracy, five measurements were taken on the weld, the nut and the sheet for each sample.

Fig. 6. (a) Projection-welded nut-sheet metal joint;

(b) preparation of a metallographic cross-section for microstructure and hardness analysis
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2.5. Modelling and optimisation procedures

We used a boosted regression tree ensemble for modelling. These models were developed using the Least-
Squares Boosting (LSBoost) algorithm (Breiman, 2001; Hastie et al., 2009), which will be used as the model
name throughout the rest of this paper. LSBoost was developed using the Statistics and Machine Learning
Toolbox in the MATLAB environment (version 2024a, MathWorks, Natick, MA, USA). We built two models
with one output. The Mr model's output signal was the maximum force F (N), and the M; model's output signal
was the welding current I (kA). LSBoost models operating in multi-response regression mode have only been
available in the MATLAB environment since version R2024b. Both models had the same four input signals:
nut size; electrode pressure p (bar); welding power P (kW); and welding time t (ms). A block diagram of the
model is shown in Figure 8.

nut size
L >
electrode pressure p LSBoost model
o —— > maximum force
elding power P
Wi g pow ° > Mp
welding time ¢
>
>
»> LiBoost model welding current /
> Mi
—>

Fig. 7. Block diagram of the analysed LSBoost model

We selected training and test subsets in an 80:20 ratio from a dataset comprising 83 samples (41 M4 nuts
and 42 M5 nuts). The original data balance was maintained in both subsets. During the learning process, we
employed 10-fold cross-validation and optimised the model's hyperparameters via Bayesian optimisation. The
objective of this optimisation was to minimise the mean squared error. We then evaluated the quality of the
model using the mean absolute error (MAE) indicator.

Next, we used LSBoost models to determine the optimal parameters for the welding technology. This
process was optimised using a multi-objective genetic algorithm (MOGA), which was implemented in the
Global Optimisation Toolbox within the MATLAB environment. The vector of decision variables x is
described by equation (1), and the optimal solution (2) should satisfy the inequality constraints (3).

x=[p,P,t]" (1)

x* = [p*, P*, t*]" ()
3<p*<8

12.5 < P* <25 (3)

20 < t* <1000

The adopted ranges are based on technological considerations. The capabilities of the welding machine
limited the maximum welding power (P) and the minimum welding time (t). The maximum pressure was
limited by the electrode pressure control equipment: below 3 bar, the equipment lacked the power to lift the
electrodes high enough to place a sample between them. With less than 12.5 kW of welding power, establishing
a firm connection between the sheet metal and the nut was difficult, even with prolonged welding time. Where
such a connection was achieved, the force required to break it was so small that the samples often broke during
the cooling of the sheet metal. For welding times above 200 ms, the results were not repeatable; however, with
sufficiently low power, it was possible to produce samples suitable for strength tests. At around 1000 ms, the
samples began to deform significantly, even at very low power levels, which made it difficult or impossible to
perform the strength test. We also incorporated the decision variable resolutions into the algorithm: 0.2 bar for
electrode pressure (p), 0.125 kW for welding power (P) and 20 ms for welding time (t).
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This is an example of multi-criteria optimisation, where the aim is to determine the optimal process
parameters to produce a sample with maximum force (F) and minimum current (I). The optimisation task can
be formulated as a complex objective vector function (J).

J(x) = [max F(x),minI(x)]” 4)

This optimisation aims to obtain a sample with a strength greater than the minimum yield strength of the
sheet metal used in this test (approximately 235 MPa), while using the lowest possible current. This is because
current is directly related to power usage, meaning that a sample using less current will also be cheaper to
produce. The result of the MOGA algorithm is the Pareto front, i.e. a set of optimal solutions that satisfy the
constraints given in equation (3) while optimising each element of the objective vector function J (4). The
main MOGA parameters were as follows: number of generations = 30; population size = 100; selection type
= tournament; crossover probability = 0.8. For a detailed description of the MOGA parameters, please refer to
the Global Optimisation Toolbox documentation (MathWorks, 2025a).

The final welding process parameters were selected from the Pareto front by adapting the distance criterion
to our conditions. This is a popular method for calibrating classification models and enables the selection of
the ROC curve threshold point (Awtoniuk et al., 2022; Perkins & Schisterman, 2006). The criterion was
applied in two variants: without normalisation (5) and with normalisation (6). The smallest value of the
distance criterion (d) indicated the target parameters of the welding process. Furthermore, the parameters
indicated by the criterion, both with and without normalisation, were verified.

d = [yy; — min(y)1? + [yyr — max(yp)]? 5
_ [_ymi—min(yp 12 Ymp—min(yg) 2
d= [maX(J’I)—min(YI) [max(yF)—min(J/F) ] 6)

Where: ymr — the vector of model M; output values, yi — the vector of measured welding current values,
ymr — the vector of model Mr output values, yr — the vector of measured maximum force values.

3. RESULTS

Modifying welding parameters can affect the microstructure and properties of joints. Therefore, prior to
strength testing (pull-off testing), the samples were characterised using visual inspection, metallography and
hardness testing.

3.1. Microstructural characterisation and hardness measurements of welded joints

Heat-affected zone analysis was performed on 30 specimens, and the results for one sample are shown in
Figures 9 and 10. As can be seen in Figure 9, the macrostructure cross-sections clearly show a noticeable
difference in the size of the heat-affected zone (HAZ) for samples produced under different welding
parameters. The difference in HAZ size was calculated using CAD software. The sample in Figure 9a was
produced using a long welding time (600 ms) and low power (11.5 kW), while the sample in Figure 9b was
produced using high power (19.5 kW) and a very short welding time (60 ms). Consequently, the sample shown
in Figure 9b had a HAZ that was 2.5 times smaller than that shown in Figure 9a. Similar results were observed
in the macrostructural analysis of samples produced using different welding technologies. According to the
literature (Eshraghi et al., 2014), increasing the welding current or time can lead to a larger HAZ in steel joints.
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Fig. 8. Macroscopic comparison of the joint cross-sections of the hazard-affected zones and weld nuggets:
(a) Sample No. 17; and (b) sample no. 49, which were welded using different parameters (see text for details)

The microstructure of the welded joint was analysed to determine any structural changes to the weld nugget.
Figure 10 illustrates the areas that were examined, including the nut, the heat-affected zone, the weld nugget
and the sheet metal. The ferritic-pearlitic structure of the nugget is clearly visible (Fig. 10). Figure 11a is a
typical structure for low-carbon sub-eutectoid steel, with the ferrite phase dominating. Figures 11b and 11c
visualise the pearlite grains with the characteristic lamellar morphology of ferrite and cementite in a ferritic
matrix. During projection welding, the material undergoes rapid heating and cooling, with the thermal action
primarily affecting the area of the nut projection (Mikno, 2018; Wang & Zhang, 2017). These factors
significantly influence the macro- and microstructure observed in the weld cross-section. Figure 12 shows the
transition zone between the nut and the weld.

Fig. 9. The macrostructure of the nut-sheet weld joint, with the areas marked for microstructure analysis,
is shown in the figs. 11-14: A — nut; B — HAZ (nut-weld area);
C — weld; D — HAZ (weld-sheet metal area); E — sheet metal, polished and etched using Nital

Fig. 10. The microstructure of a nut (area A in Fig. 10): (a) 1000x; (b) 2500x; (c) 5000x, SEM
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Fig. 11. The microstructure of the heat-affected zone between the nut and weld (area B in fig. 10):
(a) 1000x; (b) 5000x, SEM

Figure 12 shows visible ferrite grains and areas of ferrite supersaturated with carbon (corresponding to
former pearlite grains that transformed into austenite during welding). This is the area of the weld where the
steel cooled relatively quickly and presumably did not reach the Ms temperature (martensite start temperature).
As the cooling process took place below 4,3, the martensitic transformation could not occur throughout the
entire volume of the structure, thus only bainitic transformation occurred. It is believed that acicular bainitic
structures form at the grain boundaries in carbon-saturated ferrite areas (created from former pearlite areas
during heating and supersaturated by carbon during cooling). Therefore, in the weld (Fig. 13), martensite
formed, and the proportion of bainite decreased. The cooling rate during welding was sufficient to mitigate
both carbon diffusion and bainite transformation. Conversely, in areas of the heat-affected zone distant from
the weld nugget in steel (Fig. 12), the temperature 4,3 was not reached.

Inside the weld nugget (Fig. 13), a martensitic structure forms, characterised by martensite needles at 60°.
This occurs because the weld nugget cools at a rate greater than the critical rate. This blocks the diffusional
transformation of austenite into more ordered equilibrium structures, such as pearlite or ferrite. The weld
nugget shown in Figures 13b and 13c is characterised by a martensitic-ferritic microstructure (with martensite
in the majority). It can be assumed that the weld underwent a partial hardening process in the A; — A; and
temperature range, resulting in a martensitic-ferritic structure. A higher martensite-to-ferrite ratio hardens the
steel (Khorasani et al., 2023). Based on observations of the steel microstructure, a low carbon content was
found. As is well known, the lower the carbon content in steel, the greater the undercooling necessary to obtain
a martensitic structure. Similar behaviour to that reported for area B in Figure 12 was observed in area D in
Figure 10, which is enlarged in Figure 14.

Fig. 12. Weld nugget microstructure (area C in fig. 10): (a) 1000x; (b) 2500x; (c) 5000x, SEM
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Fig. 13. The microstructure of the transition zone between the weld nugget and sheet metal
(area D in fig. 10): (a) 1000x; (b) 2500x; (c) 5000x, SEM

Figure 14 clearly shows the connection between the nut and the sheet. The weld is formed primarily in the
projections of the nut. The significant difference in structure and hardness (Tab. 1) may indicate a difference
in chemical composition between the nut and the steel sheet. For example, the S235JR sheet has a significantly
lower carbon content (nominally 0.17% C) than the nut (more than 0.17% C). At the interface between the nut
and the metal sheet, a martensitic-ferritic structure forms on the sheet metal side. The thermal cycle of welding
causes the weld to form in the area of the projections. This area undergoes the most significant microstructural
changes due to temperature fluctuations in a relatively small volume of the projection, relating to the melting
and solidification of the weld nugget metal. The sheet metal to which the nut is attached melts to a much lesser
extent than the nut's projections.

The microstructure of the sheet metal visible in Figure 14 is characterised by a ferritic structure with fine
pearlite grains, which is typical of mild steel (Zajac et al., 2022). The S235JR mild steel sheet structure contains
less pearlite than the nut, indicating a lower carbon content. Therefore, the hardness of the sheet metal ranges
from 112 to 127 HVO0.3 (Tab. 1), which is lower than the hardness of the nut, which is reported to range from
179 to 215 HVO0.3. This is consistent with the observation that steels with a higher carbon content are harder
(Szala et al., 2023). Microstructural analyses confirm that the hardness of the obtained weld nugget oscillates
within the range of 300—-400 HV0.3 (Tab. 1), which is characteristic of low-carbon martensite hardness and
consistent with the hardness reported for low-carbon martensitic ferritic steel (Toth, 2021; Zamani et al., 2022).
Hardness analysis of both nuts (M4 and M5), as presented in Table 1, shows that it is impossible to determine
whether welding time or welding power has a greater influence on joint hardness.

Tab. 1. Exemplary welding parameters and Vickers hardness measured in the specific joint areas: sheet metal, nut and weld
nugget of joints made with M5 and M4 nuts

Welding parameters for nut M5

Sample no. 6 Sample no. 36 Sample no. 41
Power, P [kW] Time, t [s] Power, P [kW] Time, t [s] Power, P [kW] Time, t [s]
10 0.1 15 0.06 16,25 0.06
Localisation of Vickers hardness measurement, HV0.3
Sheet Nut Weld Sheet Nut Weld Sheet Nut Weld
122412 19845 408+21 111423 21548 303+72 11246 20446 388+37
Welding parameters for nut M4
Sample no. 5 Sample no. 30 Sample no. 9
Power, P [kW] Time, t [s] Power, P [kW] Time, t [s] Power, P [kW] Time, t [s]
16.25 0.1 25 0.02 17.5 0.06
Localisation of Vickers hardness measurement, HV0.3
Sheet Nut Weld Sheet Nut Weld Sheet Nut Weld
127+15 17943 340+13 11947 191+8 34949 12044 21149 316£11
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3.2. Weld strength testing results

The graphs shown in Figure 15 were prepared based on the results of the strength tests. All tests were
performed according to the procedure presented in Figure 4. Figure 15a shows the relationship between
maximum force and welding power. This figure demonstrates an upward trend, with the highest single value
recorded at 70% of the welder’s maximum power. A similar pattern is observed between force and welding
current, as illustrated in Figure 15b. This similarity is because the applied power primarily influenced the
welding current during the trial. Figure 15b also suggests that welding currents above 10 kA may negatively
affect joint quality. However, this is of limited practical importance as nuts begin to deform at such current
levels and cannot be used for further testing.

Figure 15¢ shows the relationship between maximum force and welding time. It can be seen that shorter
welding times tend to produce better results in strength tests (higher force values). The number of samples
tested at longer welding times is significantly lower than at shorter times. This is because it is difficult to
achieve a satisfactory joint between the nut and the sheet without severely deforming the nut.

As current flows for longer, the nut's thread absorbs more heat and deforms substantially, making it difficult

to obtain repeatable results at longer welding times. Finally, Figure 15d shows the maximum force in relation
to the electrode pressure.
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Fig. 14. Relationships between model input and output variables:
(a) welding power on the maximum nut pull-off strength; (b) welding current on the maximum nut pull-off strength;
(c) welding time on the maximum nut pull-off strength; (d) electrode pressure on the maximum nut pull-off strength

3.3. Model development and process optimisation

Table 2 shows the results of hyperparameter optimisation for the My and M; models during the learning
process. Table 3 contains an evaluation of the performance of optimised model structures using the MAE

indicator. See the Statistics and Machine Learning Toolbox documentation (Mathworks, 2025b) for a detailed
description of hyperparameters.
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Tab. 2. Hyperparameter optimisation results of the models

Optimised values
Hyperparameter name Search Range M M,
number of learners 10-500 94 202
learning rate 0.001-1 0.28752 | 0.2255
minimum leaf size 1-33 9 1
maximum number of splits 1-66 66 3
number of predictors to sample 1-4 2 4
Tab. 3. Model performance metrics
MAE

Model Learning dataset | Testing dataset

Mr 332.6 N 484.1 N

M 0.023 kA 0.174 kKA

Figure 16 shows the Pareto front, which represents a set of optimal solutions. Using the distance criteria (5
and 6), two cases were selected for experimental verification for each of the M4 and M5 nuts. Table 4 shows
the optimised technological process parameters.

a) nut size M4 b) nut size M5
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Fig. 15. The Pareto front in the objective plane in case of nut size: (a) M4; (b) M5

Tab. 4. Optimised projection resistance welding technological parameters

Technological parameters
Nut size | Electrode pressurep | Welding power P | Welding time ¢
[bar] [kW] [ms]
M4* 5.8 12.875 120
M4™ 4.4 13.125 60
M5* 6.4 18.750 240
M5™ 4.4 12.875 180

* denotes parameters obtained using the distance criterion without normalisation
** denotes parameters obtained using the distance criterion with normalisation

3.4. Empirical verification of optimised technological parameters

Based on the results of the model, samples were produced using the parameters suggested by the algorithm.
To verify the accuracy of the algorithm, a strength test was conducted on these samples using the same
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procedure as for the samples in the training dataset. This process was repeated three times for each set of
parameters. The results are presented in Table 5.

Tab. 5. Exemplary results of empirical verification of optimised welding parameters

Maximum force FF | Welding current /
Nut size IN] [KA] Weld crack
YF YMF yi ymi
4306 5.28 0
M4* 3791 4670 5.47 6.2 0
3518 5.35 0
3483 5.36 0
M4™ 3145 4327 5.5 5.5 0
2880 5.37 1
- 8.9 -
M5* - 5754 8.94 9.1 -
- 8.96 -
3696 533 1
M5™ 3688 5318 5.11 5.7 1
4047 52 0

* denotes parameters obtained using the distance criterion without normalisation
** denotes parameters obtained using the distance criterion with normalisation

Based on experimental verification, it is impossible to determine unequivocally whether selecting the
optimal solution from the Pareto front with or without normalisation is better. For the M4 nut, however, a more
accurate prediction of the welding current was obtained using the normalised criterion. In one iteration, the
model accurately predicted the value of the output signal. The average relative error across three iterations was
approximately 1.7%. By contrast, a more accurate result was obtained for the variant without normalisation in
the maximum force prediction. The minimum relative error was 8.5%, and the average error across three
iterations was 21.5%.

A more accurate prediction of the M5 nut's welding current was obtained without normalisation. The
relative errors were consistent across all iterations, averaging at 1.9%. However, we could only assess the
maximum force prediction for the variant with normalisation. In three repetitions, the mean relative error was
39.8%. The strength test could not be performed on the M5 sample set (without normalisation) as all the
samples were deformed, making the test impossible to conduct. As the algorithm did not account for
deformation, it selected a longer welding time. This parameter significantly impacts the shape retention of the
nut during the process and must therefore be appropriately limited during sample production.

The maximum force prediction was associated with larger error values. This was due to greater scatter in
the data across the three repetitions. The weld crack column in Table 5 indicates samples in which the weld
nugget fractured. These samples exhibited a substantial reduction in joint strength, resulting in a greater
disparity between the predicted and actual force values.

A similar methodology is presented in Johnson et al. (2023). The authors report an average relative error
of 2.71% for the tensile shear strength and peel strength model outputs from the experimental verification
stage. However, the process settings were drawn from the entire set to form the Pareto front. Our methodology
proposes a measurable criterion for selecting the optimal solution. The quality of the prediction can be
improved, however, by incorporating qualitative sample classification information into the model structure.
The current model, shown in Figure 8, has two prediction modules. In future studies, it would be worthwhile
considering adding a third module: a classification module. Incorporating additional qualitative information
about the sample into the objective function (Eqn. 9) would enable the optimisation algorithm to work more
effectively.

4. CONCLUSIONS
The study employed computer modelling to determine the optimal process parameters for resistance

projection welding, advancing the optimisation of these parameters using the original procedure. This detailed
modelling process helped minimise energy consumption (welding current) while maximising joint strength
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(pull-off test results), the primary aim of the work. The set of optimised welding parameters identified by Al
was verified through experimental final strength testing, including sample welding and strength testing. The
findings of the present study led to the following conclusions:

— A model with input signals of nut size, electrode pressure, welding power, and welding time is sufficient
for predicting welding current values. However, to improve the accuracy of maximum force prediction,
the model should be expanded with additional input signals, such as the indentation of the welding
electrode into the material.

— The proposed distance criterion is a valuable tool for selecting the optimal welding process parameters
from a set of Pareto-optimal solutions.

— The model should include a qualitative assessment of the completed sample to avoid finding unfeasible
solutions, such as nut damage.

— Based on the distance criterion, we determined the optimal welding process parameters for the M4 nut
as electrode pressure of 4.4 bar; welding power of 13.125 kW; and welding time of 60 ms. The sample
obtained with these parameters exhibited the following properties: maximum force of 3169+247 N and
welding current of 5.41+0.064 kA.

— Based on the distance criterion, we determined the optimal M5 nut welding parameters as follows:
electrode pressure of 4.4 bar; welding power of 12.875 kW; and welding time of 180 ms. The sample
obtained with these parameters exhibited the following properties: a maximum force of 3594 £ 138 N
and a welding current of 5.19 = 0.1 kA.

Overall, superior welding joints were achieved with short welding times and high power — commonly
known as hard-welding parameters. Nuts welded under these conditions did not deform, and the welding joints
easily withstood forces applied in pull-off testing that exceeded the nominal yield strength of the sheet metal
(S235JR). Furthermore, joints produced with short welding times demonstrated limited heat-affected zones
and lower hardness values (e.g., a sample welded for a long time had a hardness of 408 HV0.3, whereas a
sample welded for a shorter time had a hardness of 314 HV0.3). The increase in hardness of the weld compared
to the base material was due to the transformation of the ferritic-pearlitic microstructure into a martensitic-
ferritic structure within the weld nugget.
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